Abstract: Proteins may be related to each other very specifically as homologous subfamilies. Proteins can also be related to diverse proteins at the super family level. It has become highly important to characterize the existing sequence databases by their signatures to facilitate the function annotation of newly added sequences. The algorithm described here uses a scheme for the classification of odorant binding proteins on the basis of functional residues and Cys-pairing. The cysteine-based scoring scheme not only helps in unambiguously identifying families like odorant binding proteins (OBPs), but also aids in their classification at the subfamily level with reliable accuracy. The algorithm was also applied to yet another cysteine-rich family, where similar accuracy was observed that ensures the application of the protocol to other families.
Introduction
The role of olfaction is the major source for host identification among mosquitoes. The molecular basis of this chemical signal recognition is systematically encoded by a series of proteins. Odorant binding proteins are thought to be the primary proteins involved in the transport of odorants and pheromones to the olfactory receptors. 1, 2 Members of this protein family have been identified in a number of insect species, including four dipterian species Drosophila melanogaster. 3, 4 Anopheles gambiae, 4, 5 Aedes aegypti 6 and Culex quinquefasciatus. 7 Since their identification, this family of proteins has been of immense focus in the field of biology, as they could act as important target proteins. However, the sequence divergence of this family is very high in comparison to their function, which is to bind to a wide range of odorant molecules. It has been difficult to classify these proteins into different subfamilies for this reason. 3 major subfamilies have been defined previously in this family of proteins, which are Classic, PlusC and Atypical based on their cysteine conservation patterns.
In general, biological sequence data are accumulating rapidly as a result of advanced sequencing technology and concerted genome projects, at a greater rate than growth in computing efficiency. 8 The probability that a new protein can be classified as part of a sequence family is already near 30%. 9 Encouragingly, evolutionary constraints on protein sequences are imposed by requirements of 3-dimensional structure and biological function, which are main aspects employed for the classification of proteins. Generally, functional requirements are known to be more pronounced in terms of residue conservation, where an occurrence of completely conserved residues indicates a specific biological function. Many examples of such occurrences have been reported in protein sequences; 2 examples are the Ser-His-Asp triad of serine proteases 10 and the zinc finger motif of deoxyribonucleic acid (DNA)-binding proteins.
11 Mutation of such residues generally renders the protein inactive. Such residues can be either spread across the entire stretch of the protein or can be observed as conserved contiguous patterns termed "functional motifs". Such conservation status has been employed in annotating protein sequences by different methods reviewed by Ouzounis et al. 12 Though many of these methods fare well at assigning an unknown protein at a family level, the accuracy fails when a classification is required at a subfamily level. Several such function prediction algorithms require the availability of structural information, namely spatial interactions of residues of query sequences, in order to recognize preservation of geometry of functional residues. These include methods like Conserved functional group (CFG). 13, 14 Whereas such methods could be quite applicable for proteins of unknown function, determined by structural genomics initiatives, structural information is either not available for most query sequences or the quality of models, derived by homology, could be limited. Residues near the active site might play an auxiliary role and are less easy to identify as part of "functional motifs". Sequence conservation of functional residues is therefore less obvious for residues that modulate the specificity of biological function. These residues change as a protein evolves to satisfy modified functional constraints, while the basic biochemical mechanism and the overall three-dimensional fold remain unaltered. In such cases, representative residues, associated with structural aspects of a protein, serve as better classifiers.
Cysteine, as a sulphur containing non-essential biogenic amino acid, plays critical roles in a number of metabolic processes. It is found as a part of a number of biological important proteins associated with important roles starting from folding to maintaining the integrity of structure to function. One of the most important roles of cysteines is the formation of disulphide bridges involved in the folding of proteins to form 3-dimensional structures. Disulphide bonds, which are formed by cysteines that may be sequentially apart but spatially proximate, 15 define the rigidity of large globular proteins. These disulphide bonds are generally conserved among related proteins [16] [17] [18] and the connectivity patterns can be used to identify proteins of similar 3-D structure. 19 The conservation of disulphide bond connectivity pattern enables the identification of remote homologues even when most of popular sequence search methods fail to do so. Such approaches, however, are complicated by observations of topologically equivalent disulphide bonds in non-homologues and also by non-equivalent numbers of disulphide bonds in close homologues. 20 Owing to the fact that disulfide connectivity pattern formation in a protein is a directed (ie, nonrandom) process, 21 this property can be used to obtain a structural classification of proteins. A large variety of connectivity patterns are found in disulphidecontaining proteins. 21, 22 In proteins with low sequence similarity, identical connectivity patterns can indicate high structural homology. Proteins that share a disulfide bonding pattern usually belong to the same structural family. Therefore, disulfide connectivity patterns provide a rapid and simple method for structural characterization of protein sequences and for examining structural properties, such as protein topologies. 21 entropic effects of cross-linkage, 22 structural superimposition of proteins by means of their disulfide bridge topology 20 and taxonomy of small disulfide-rich protein folds. 22 In addition, methods that classify proteins based on their connectivity patterns have also been established. 23 A systematic method for the classification of disulphide-rich proteins based on cysteine conservation is thus worth undertaking. Previous attempts on cysteine-based classification of proteins included approaches based on cysteine pairing, 23 identification of odorant binding proteins based on cysteine motifs, 4 conotoxin superfamily classification using pseudo amino acid composition and multi class support vector machines, 24 and classification of peroxiredoxins using regular expressions. 25 An algorithm has been devised that can efficiently classify a new protein as an odorant binding protein belonging to a particular class by capturing specific information in terms of (1) functional residue conservation and (2) cysteine conservation and disulphide connectivity. The functional residue-based scoring scheme relies on the conservation of residues at functionally important sites (only sequence information) and a flexible distance-based scheme (also structural data). The functionally important sites were determined by the mapping of ligand binding residues on the structural alignment of the available structural members. The test sequences were aligned to the structural alignment and scores were assigned based on the residue conservation at these functional sites. The scoring of the distance-based scheme was based on a distance criterion between the residues at these positions. The distance criteria were established by observing the distances between the residues in the functional sites, including the 'fuzziness'; ie, the variation in distances observed among the crystal structures. The scores were calculated by a fit criterion after examining the distances within the models of unknown sequences. In our approach, for the queries whose structure is not yet available and homology modeling is unreliable due to relationship distance, a simple amino acid conservation-based scoring scheme is adopted that objectively measures the extent of conservation of functionally important residues (please see 'Scoring of query sequences' within the Methods section for details). Distances between such residues are not required or employed in this novel option. For the cysteine-based scheme, a "disulphide profile" of aligned sequences 19 has been employed of the various classes. The query sequences are aligned with these disulphide profiles followed by assigning a score based on the conservation of the cysteines in the query and further classifying them based on a composite classification scheme. These classification methods were primarily developed for the classification of odorant binding proteins in the mosquito genome. However, the functional residuebased classification was further extended to the serine protease family, where the classification of query sequences using the method into 3 subfamilies has been described. The cysteine-based classification was also implemented on the conotoxin family of proteins to extend the use of this method for the classification of disulphide-rich protein families at the subfamily level.
Methodology Datasets
7 structural entries of odorant-binding proteins (OBPs; PDB ID: 1dqe, 2wcj, 2gte, 2erb, 3k1e, 3bfh, 1ow4), available then, were used for the construction of the structural alignment. The dataset used in this analysis is comprised of 116 conotoxin sequences 24 and 284 odorant binding proteins from mosquito genomes. 26 The conotoxins are classified into 7 classes. The odorant binding proteins are classified into 3 major classes including Classic, PlusC and Atypical; the Atypical are further divided into 4 subtypes (MAtype1-4). Representative sequences were chosen from the different classes for the construction of the training profile and the other sequences were used in the test set ( Table 1) .
Construction of profiles
A structural alignment constructed using COM-PARER 27 was used as a profile for the functional residue-based scoring scheme (Fig. 1 ). For the cysteinebased scoring scheme, representative sequences from each class, which have conserved cysteines at all the positions under consideration, were aligned separately using ClustalW. 28 This alignment of representative sequences was used as a training profile for the classification of query sequences. The number of sequences in the training profile and the number of cysteine positions under consideration vary for the different classes of the protein. Thus, a number of training profiles equal to the number of classes was generated.
Construction of fuzzy functional template
For the functional residue-based scoring scheme based on functional residues, a fuzzy functional template was constructed. Ligand binding residues, for each of the ligand-bound forms of each of the structural entries of OBPs mentioned above, were identified using LIGPLOT. These residues were mapped on the structural alignment (Fig. 1) . 12 residue positions were considered as functionally important as marked in Figure 1 . C β -C β distances between residues at these positions for each of the structural entries were calculated and averaged. The upper and lower limit for the distances were set to ±2 standard deviations (SD) from the average distance and represented in the form of a matrix (Fig. 2 ). This logic of inscribing distance variation amongst functionally important residues is the same as that adopted by Skolnick's group in an earlier study.
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For the serine protease family, 11 structural entries from the thrombin subfamily (1ai8, 1avg, 1hao, 1mkx, 1ucy, 2hpp, 3hk3, 3k65, 3nxp, 3pma, 3qlp), 15 structural entries from the trypsin family (1aoj, 1aks, 1an1, 1fxy, 1hj8, 1jrs, 1pq7, 2a31, 2eek, 2f91, 2ra3, 3beu, 3fp7, 3mi4, 3p95) and 4 structural entries from the plasminogen activator (1a5h, 1a5i, 1bqy, 1rtf) subfamily were used for the construction of the structural alignment. The functional positions were adopted in a similar manner to the functional sites described by Skolnick et al 29 125 annotated query sequences from all 3 subfamilies (derived from SWISSPROT) were aligned to each of the subfamily profiles and the scores were checked for every query sequence against each profile.
Scoring of query sequences
Functional residue based scoring scheme Different scoring functions were defined for scoring the conservation of residues in the functional positions based on their occurrence, probability of occurrence and by consulting the Dayhoff matrix.
Majority-based scheme: In this scheme, a score of 1 is given to a position in the query sequence if it has the amino acid which occurs majority of times at that position in the structural alignment (from known observations) and finally these scores are averaged for all the 12 positions.
Probability-based scheme: A score is given to each amino acid at a position in the query sequence equal in magnitude to its probability of occurring at that position. In one scheme (PROB_1), the scores are finally averaged for all the 12 positions, and in the second scheme (PROB_2), the sum of scores is divided by the sum of the maximum probabilities of occurrence each position.
Dayhoff matrix-based scheme: For each position in the query sequence, the score is calculated as the product of probability of each amino acid occurring at that position in the template and the Dayhoff Matrix score for the amino acid substitution from that AA to the residue present in the query. Finally, the scores are averaged for all the 12 positions. However, this matrix of amino acid exchanges are recorded and normalized as observed for large numbers of unrelated protein families and are also not position-specific in nature.
Given a query string Q with amino acid Qi at functional position i, where 0 # i # p and a training profile T which is an alignment with i functional positions.
The scores according to the different schemes are defined as follows:
Majority based score: Functional residue distance-based scoring scheme C β -C β distances of the residues at the functional positions were calculated from the models of 131 classic OBP sequences (data not shown). The distances in the fuzzy functional template (FFT) residue pairs with SD , 2 were considered for the final scoring scheme. The query sequences were aligned to the structure alignment profile and the distances between residues corresponding to the functional position were calculated in their respective models. If the distance of the residue pairs fall within the upper and lower limits assigned for those residue pairs in FFT, a score of 1 was awarded (else score is 0) and averaged for the 12 functional positions. Cysteine-based scoring scheme Each query sequence was aligned separately with each of the training profiles using the sequence to profile alignment method in ClustalW 28 and checked for the conservation of cysteines. If a cysteine was found at a position, a score of '1' was given; otherwise a score of '0' was given. In this study, a cysteine in the query is assumed to be 'strictly conserved' if it aligns perfectly with the cysteine position in the training profile. However, according to the 'relaxed criterion', an arbitrary shift of 2 residues on either side of the cysteine positions in the training profile is allowed for uncertainties in the sequence alignment. In addition to the scores for cysteine conservation, an extra score of '1' is added for the conservation of each cysteine pair involved in disulphide bond formation. Such position-scores are normalized for all the positions within that class and an average score is obtained for each class for each query sequence (Supplementary Fig. 1 ). Thus, score of a query with the training profile of each class is a measure of its likelihood of belonging to that class.
Composite classification scheme A composite classification scheme was devised for the classification of OBPs and conotoxins based on the scores for each class, the length of the query and the distance between the cysteines involved in disulphide formation (loop spacing; Supplementary Figs. 2 and 3). Thus, if it is an 'N'-class problem, then for each query, there will be 'N' score parameters (one for each class), a length parameter and a variable number of loop spacing (depending upon the classes). The loop spacing (number of amino acids along the sequence between the 2 cysteines involved in disulphide bonding) parameter would be extremely useful to distinguish between classes with the same cysteine motif but different disulphide connectivity patterns. This flexibility was introduced since it is expected that the loop spacing is more or less conserved throughout the members of a family, even if other inter-cysteine distances are not.
re-substitution test of the cysteine based classification scheme The re-substitution test is one of the important methods of evaluating predictive accuracy. In this test, the training set used to generate the classifier is itself used to test the classification model. In other words, the test set is the same as the training set. The re-substitution test is extremely important because it reflects the self-consistency of an identification scheme, and most importantly, the algorithm.
Results and Discussion

Functional sites and fuzzy functional template
Functional residues of proteins involved in ligand binding are generally conserved through the evolution of proteins and generally considered as good classifiers of protein families and for function annotation. 13 The ligand-binding residues from the bound complexes of the available PDB entries were mapped to the structural alignment generated by COMPARER. 27 For the family of insect odorant binding proteins, the positions of the alignment, which had ligandbinding entries in at least 4 of the 7 PDB entries, were considered to be significant functional residue positions. 12 such positions were considered to be components of the functional template (Fig. 1) . The C β -C β distance between these 12 residues were calculated and averaged in the form of a matrix called the 'fuzzy functional template' (FFT). The distance limits were set by indicating the average ±2 SDs, since the distances between the residues pairs were quite variable. The distances in the matrix that were less than 2 SDs from the mean were considered for the calculation of the scores. 12 such distances were identified involving 12 residue pairs in the matrix (Fig. 2) . These distances were used for the scoring function.
Structure-based scoring scheme
The structure-based scoring scheme shows a good range of scores (0.3-1.0). However, there were low scoring sequences observed in the test cases. The scores were independent of the sequence identity to its template (Fig. 3) . However, a limitation of this method is the fact that the test set consisted of models derived from members of the training set used as templates. This method could be applied only to proteins that have a structural entity or for query sequences for which a homology model could be derived, and thus the method was applied only on the classic odorantbinding proteins. Functional residue-based scoring scheme The 'PROB_2' scoring scheme, with the addition of homologues, achieves the best range and correlation. The scores were based on the occurrence, probability of occurrence and Dayhoff matrix as described in the Methods section. For the family of insect odorant-binding proteins, different training datasets were analyzed that include (1) a 7-member training set, which is the initial structure alignment, (2) a 25-member dataset where the 7-member dataset was populated (to include evolutionary data) with one additional close homologue from each of the mosquito genomes to every member in the 7-member dataset, (3) a 5-member dataset where the 2 mosquito crystal structures 2erb and 3k1e were removed to avoid potential bias in scoring the models (since these 2 structures served as templates for modeling) and (4) an 18-member dataset from which the 2 mosquito crystal structures and their homologues were excluded. The range of scores for each of the methods on every training set were analyzed and it was observed that the probability score PROB_2 achieved the best range, followed by the majority-based scores (Table 2A ), and that they also achieved the best correlation when compared to other 2 methods (Table 2B) . It was also observed that addition of homologues to the initial dataset significantly improved the range and correlation.
All 12 positions in the scoring scheme are equivalent in importance
It was important to analyze whether certain functional site positions contributed more to the scores in order to provide different weights on the positions. This was done by jack-knifing each of the 12 individual positions and recalculating the scores for the initial 7-member dataset. The Pearson correlation coefficient between the scores were calculated after removing each of the 12 residue positions (Table 3) and it was observed that the removal of any one position from the scoring scheme did not significantly alter the scores.
The scores are independent of the sequence identity of the query sequence with the template
Since the scoring scheme is based on the probability of occurrence of an amino acid, the effect of sequence identify on the scores had to be considered carefully. A histogram of the number of sequences versus the sequence identity of the protein with the closest structural template in the dataset was plotted (Fig. 3) . The distribution of the graph indicated that the scores are indeed independent of the sequence identity. A histogram of the number of sequences versus the percentage sequence identity of the query sequence with the template was plotted and the consistently high-scoring and low-scoring sequences were marked on it (Fig. 4) . It was observed that the distribution of the low scoring and high scoring queries was independent of sequence identity.
Comparison of the sequence-based scoring scheme with sequence searches and phylogenetic analyses
We find that our simple sequence-based objective scoring scheme works better than domain-based subfamily association or phylogeny-based associations; for example, in the case of odorant binding proteins, which fall into three major subfamilies the Classic PlusC and Atypical as described earlier in the manuscript. When each of these members are searched against the conserved domain database it is observed that in many cases cross-talk is seen with respect to subfamily (Supplementary Table 1 ). For example, most of the Plus C Obps are never identified to carry the PBP_GOBP domain, and atypical OBPs, which should be predicted to have two PBP_GOBP domains, are predicted to have only 1 PBP_GOBP domain. In contrast, the current method is able to exactly classify these proteins to their respective subfamilies.
It is also difficult to infer sequence associations from phylogenetic trees to provide a meaningful classification of the different subfamilies in the case of the odorant binding proteins. The phylogenetic trees were inferred separately for odorant binding proteins from each of the mosquito genomes using the neighbor-joining method in MEGA 4.0 26 (Supplementary Fig. 4A-C) . In the phylogenetic trees of OBPs from Anopheles gambiae, Aedes aegpti and Culex quinquifasciatus, the different subfamilies were not clustered together with significant bootstrap support due to the high sequence divergence that is observed.
Application of sequence-based scoring scheme on serine protease subfamilies Serine proteases are one of the largest groups of proteolytic enzymes with a nucleophilic serine residue at the active site and are believed to constitute nearly 1/3 of all the known proteolytic enzymes. They include exopeptidases and endopeptidases belonging to different protein families grouped into clans. They function as part of diverse biological processes such as digestion, blood clotting, fertilization, development, complement activation, pathogenesis, apoptosis, immune response, secondary metabolism, with imbalances causing diseases like arthritis and tumors. The current method was applied to 3 families to see if the method can classify the sequences into these 3 subfamilies: Trypsin, Thrombin and Plasminogen Activator. The method was tested on 125 serine protease sequences from the three subfamilies (Supplementary Table 2 ). It was observed that the method could classify the proteins into their respective subfamilies effectively.
Cysteine-based scoring scheme
Cysteine positions in protein sequences are the other evolutionarily conserved sites in disulphiderich protein families. They can be used as effective regular expressions in protein sequences, even among distantly-related proteins, whose classification based on other methods would be quite challenging.
However, a sequence-to-sequence alignment algorithm, using one representative sequence for a family, would not provide sufficient accuracy in terms of accounting for the insertions and deletions observed in diverse sequences. A disulphide profile, derived from representative sequences, is more suitable for compensating the occurrences of insertions and deletions. 18 The cysteine-based scoring scheme was found to be a more direct way for the identification of OBPs in insects and was used previously in the use of identification of OBPs. 4 In this work, however, the scheme has been further extended to classify the OBPs in the mosquito genome. Hence, practically, the algorithm not only predicts the chance of a query sequence to be a putative OBP protein, but also facilities its classification into 1 of the different classes of OBPs that are described below. The OBPs are classified into 4 major classes (i) Classic, which carry 6 conserved cysteine motifs, (ii) PlusC OBPs, which carry an additional 3 conserved cysteines, (iii) Dimer OBPs or Atypical OBPs, which carry 2 Classic OBP domains and hence 12 conserved cysteines and (iv) Minus-C OBPs, which lack 2 Cys residues in comparison with Classic OBPs. The dimer OBPs can be further classified as MAtype1-4; all of them hold 12 conserved cysteines except MAtype2. From the alignments used in the construction of phylogenetic trees, it was observed that the cysteine conservation patterns and spacing could play an important role in the classification of OBPs. This was analyzed by observing the cysteine conservation patterns of sequences in the test datasets when aligned to profiles that were constructed using a training set of each of the classes described above.
A training set for the 7 different classes of OBPs (disulphide profiles) was prepared (as summarized in Table 1A ). A representative sequence was identified from a phylogeny of odorant binding proteins of each class. For the Minus-C class, the same profile for Classic OBPs was used, but only the 1st, 3rd, 4th and 6th cysteine positions were considered. A composite classification scheme was devised for the family of OBPs incorporating the 7 different scores and the length of sequence as attributes. The protocol was applied to a dataset of 284 mosquito OBP sequences (from Anopheles gambiae, Aedes aegypti and Culex quinquefasciatus) and the class predictions were compared with the predictions of class association independently made from phylogenetic analysis. The 'confusion matrix' of the classes predicted by the cysteine based classification scheme versus the phylogeny-based classification is given in Figure 5A . The scheme provides an accuracy of 90.14% when compared with the phylogeny-based classification for the test set sequences. The effect of different classes to this was tested using a re-substitution test.
The re-substitution test on the training set gave accuracies of 100%, 100%, 0%, 100%, 66.66% and 100% for Classic, PlusC, Atypical1, Atypical2, Atypical3 and Atypical4 classes, respectively. The sequences in Atypical1, however, form a small group of 6 sequences and do not follow a strict conservation of cysteines as the other classes of OBPs. Hence it was difficult to classify these members by our scheme explaining the poor performance of the re-substitution test for the Atypical1 class.
Application of cysteine-based scoring schemes on well-known superfamily of conotoxins
Since the accuracy of the classification scheme needed further convincing, the algorithm was extended to the well-known cysteine-rich superfamily of conotoxins. Conotoxins are small neurotoxic peptides found in the venom of the predatory cone snails of the genus Conus that act primarily by modulating the activity of specific ion channels. The mature conotoxins are characterized by the presence of multiple disulphide bonds and have been classified into 7 families including A, M, O, I, P, T and S, again on the basis of a highly conserved N-terminal precursor sequence, disulphide connectivity and mode of action. 24 Each family is characterized by the presence of 1 or 2 characteristic patterns of disulphide cross-links. 30 The prominent disulphide connectivity patterns in the 4 major families of conotoxins are shown in Supplementary Figure 5 , and these alone were used for scoring purposes.
A classification scheme was developed for conotoxins as shown in Supplementary Figure 3 , incorporating the 4 scores corresponding to each of the 4 major families. The classifier (constructed using the training set as shown in Table 2 ) was tested on a dataset of 116 conotoxin sequences obtained from Mondal et al 24 and the predictions made by the scheme were compared with the known classes of the sequences in the study by Mondal et al. 24 The scheme gave an accuracy of 93.1% for the test set and the confusion matrix is presented in Figure 5B . The re-substitution test on the training set provided an accuracy of 100% for all 4 families.
conclusion
Simple domain-finding techniques such as association to Pfam families, can be helpful only to relate mosquito OBPs to the broad family of 'odorant binding proteins' (PF01395), but cannot be distinguished as Classic, PlusC and Atypical odorant binding proteins. These subfamilies differ in their sequence features, even though they carry the basic PBP/GOBP domain. In the case of families where the sequence divergence in very high, it is important that family-specific classification methods are derived to obtain a more meaningful functional classification of the family. Evolutionarily-constrained functional and structural entities/signatures, combined with family-specific profile-based scoring, improve the function annotation quality and can also be further extended to a subfamily level classification. Fuzzy functional template-based objective methods, encoded in our structure-based scoring scheme, provide a clear representation of the extent of spatial preservation of known functionally important residues. Such scoring schemes provide an early indication of family members with deviations from the parent family in biological function or the lack of function. Such structure-based scoring schemes could be convenient to rapidly validate a large number of gene products whose high-quality homology models can be automatically obtained.
Most popular function prediction methods reported in the literature require structural information or models of query sequences for scoring and recognizing functionally important residues which are only applicable for SGI targets or those sequences where homology models can be obtained reliably. In our approach, there is a novel option to employ only sequence information to score the preservation of functionally important residues. Our pure sequencebased approach is different from other methods that use sequence alignments (like the functional-residueclustering (FRC) method)
31 that lead to abstract data by defining amino acid alphabets and require a joint alignment including subfamily members.
The above-described algorithms are shown to work efficiently for protein families such as odorantbinding proteins, serine proteases and conotoxins. We demonstrate that it is possible to apply this approach using large-scale annotation and classification by applying it to new odorant-binding proteins, which are indeed a diverse family of proteins and pose a lot of challenges for regular identification and classification algorithms. 32 This could be extended to other diverse families of proteins. However, an in-depth analysis of every superfamily for family-specific signatures and the construction of a composite classification scheme at the subfamily level is required. 
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